This paper presents an improved Oriented Features from Accelerated Segment Test (FAST) and Rotated BRIEF (ORB) algorithm named ORB using three-patch and local gray difference (ORB-TPLGD). ORB takes a breakthrough in real-time aspect. However, subtle changes of the image may greatly affect its final binary description. In this paper, the feature description generation is focused. On one hand, instead of pixel patch pairs comparison method used in present ORB algorithm, a three-pixel patch group comparison method is adopted to generate the binary string. In each group, the gray value of the main patch is compared with that of the other two companion patches to determine the corresponding bit of the binary description. On the other hand, the present ORB algorithm simply uses the gray size comparison between pixel patch pairs, while ignoring the information of the gray difference value. In this paper, another binary string based on the gray difference information mentioned above is generated. Finally, the feature fusion method is adopted to combine the binary strings generated in the above two steps to generate a new feature description. Experiment results indicate that our improved ORB algorithm can achieve greater performance than ORB and some other related algorithms.
Introduction
Image registration, as an important issue in the computer vision field, is defined as the establishment of correspondences between two or more images of the same scene taken at different time, from different viewpoints. It is a fundamental process that is widely used in a variety of applications such as image matching [1] [2] [3] [4] [5] [6] , change detection [7, 8] , 3D reconstruction, and mapping sciences [9] [10] [11] [12] [13] [14] . The matching of remote sensing images is studied by [1, 6] . Automatic image matching is mentioned in [2] . The optimization of image matching process and parameters has been the researched in [3, 4] . A probabilistic neural-network-based feature-matching algorithm for a stereo image pair is presented in [5] . A new approach for the registration of optical imagery with Light Detection and Ranging (LiDAR) data based on the theory of mutual information (MI) is proposed in [9] . 3D stereo matching is studied by [10, 11] . Building recognition and extraction from images have been the researched in [12, 13] . An automated feature matching method for Volunteer Geographic Information (VGI) linear data is presented in [14] . During the last decades, a variety of methods have been developed for image registration.
Currently, most image matching algorithms are based on feature-based methods because they are robust to geometric and illumination differences [15] . Feature-based methods are often expressed as a point-matching problem because representations of points are generic and easy to extract. This can reduce the sensitivity to noise to a certain extent, it may also cause the loss of high-frequency region information of images.
2. The BRIEF algorithm calculates the feature description based on the comparison of the pixel pairs. In the comparison process, only the gray size relationship of pixel pairs is considered, while the detailed gray difference value information between the pixel pairs is ignored, which may cause the loss of partial image information. Obviously, this partial image information is also useful for improving the discriminability of the description operator [41] . This leads to the description operator being incomplete. If the size relationship and the difference value information above can be utilized together, the relationship between the neighborhood pixels can be completely expressed, thereby improving the discriminating ability of the descriptor.
In this paper, we focus on the feature description process and propose an improved ORB algorithm, which can further improve the performance of the original ORB algorithm. Compared with original ORB algorithm, the following two improvements have been made:
Step 1: Instead of pixel patch pairs comparison used in original ORB algorithm, a three-pixel patch groups comparison method is used in our paper. In each group, the gray value of the main patch is compared with that of the other two companion patches to generate the binary string. By this method, visual information with more spatial support is considered for each bit of the descriptor, making their final values therefore less sensitive to noise.
Step 2: The gray difference value of the three-pixel patch groups comparison in Step 1 can be recorded. These gray difference values can be converted to another binary string by a specified threshold. In our method, the feature fusion method is adopted to generate a new description by connecting the above two binary strings.
Related Algorithm

ORB Algorithm and BRIEF Algorithm
As a feature point detection and description algorithm based on visual information, ORB algorithm combines FAST corner detection and BRIEF feature description. In feature description stage, ORB uses BRIEF feature description method to describe the feature point by improving its primary drawback that without rotational invariance and having sensitivity to noise.
The main idea of the BRIEF is to randomly select pixel points pairs around the feature point. Then the comparison of the gray value of the selected pixel points pairs is used to produce a binary string as the feature description. Specifically, define a feature point P and select a neighborhood W centered on the point P. In the neighborhood W, n pairs of pixel points are selected randomly with points coordinates obeying the Gaussian distribution. A binary test method τ in Equation (1) is defined to calculate each bit of the final binary string. For the uth pixel points pair of the above n pixel points pair, there are two points p u1 = (x u1 , y u1 ) and p u2 = (x u2 , y u2 ). The gray values of p u1 and p u2 are compared by the following Equation (1)
where f (p u1 ), f (p u2 ) are the gray values of random points p u1 and p u2 respectively. For feature point P, its feature description can be formed as a vector of n binary tests based on n pixel points pairs as 
where n can be 128, 256, and 512, occupying 16 bytes, 32 bytes, and 64 bytes respectively. Considering the generation speed, the distribution and accuracy of descriptors, a 256-dimensional descriptor is used by the ORB algorithm.
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The BRIEF algorithm generates feature description by comparing the gray values of the two points in the selected pairs in the neighbor window of the feature point. This method is very sensitive to noise. To eliminate the effects of noise, the ORB algorithm has made some improvements. An image window area of 31 × 31 pixels size around the feature point is defined, a certain number of image patches of 5 × 5 pixels size is randomly selected, and the binary string is generated using the gray integration of these image patches. In addition, the advantage of the BRIEF algorithm is its high speed, but it does not have rotational invariance. The ORB algorithm solves this problem by measuring the directions of the feature point using the gray centroid method. To attain a description of n bits, n matching pairs of pixel points need to be selected. For example, a 2 × n matrix Q can be defined as Q = x 1 , x 2 , · · · · · ·, x n y 1 , y 2 , · · · · · · , y n
After obtaining the rotation direction θ of the feature point, the corresponding rotation matrix R θ can be obtained, and then a rotation matching pair matrix Q θ = R θ Q can be constructed. With the same F n (p) in Equation (2), a descriptor with rotation invariance can be obtained as F n (P, θ) = F n (P) (x, y) ∈ Q θ (4)
Local Binary Patterns
Our work is related to a particular variant of the Local Binary Patterns (LBP), so we make a brief introduction for LBP. LBP, proposed as global (whole image) representation by [42] [43] [44] , is an effective method to describe the texture feature, which has been successfully applied to many image classification problems, most notably of texture and face images. LBP produces for each pixel in the image a binary string representation. In fact, to our knowledge, 8-bit strings or less were employed in all applications of LBP. These bits, similarly to the binary descriptors, are set following binary comparisons between image pixel gray intensities. In the original LBP implementation, these bits were computed by using a pixel's value as a threshold, applied to its eight immediate spatial neighbors, and taking the resulting zero/one values as the 8-bit string. By using only 8-bits, each pixel is thus represented by a code in the range of 0 to 255 (or less, in some LBP variations), which are then pooled spatially in a histogram in order to represent image portions or entire images [45] .
Our work is related to a particular variant of LBP, named three-patch LBP (TPLBP), which is an exceptionally potent global representation for face image [44] . TPLBP codes are produced by comparing the values of three patches to produce a single bit value in the code assigned to each pixel. In [44] , another particular variant of LBP, named four-patch LBP (FPLBP) was also proposed. FPLBP codes are produced by comparing the values of four patches to produce a single bit value in the code assigned to each pixel. The authors of [44] used LBP, TPLBP and FPLBP to test the same data set. Experimental result is shown in Table 1 . Table 1 shows that TPLBP can achieve higher recognition ability than LBP and FPLBP. Although the algorithm proposed in [44] is used for face recognition, it cannot be directly applied to image matching. However, its essence is also the feature description generated by comparing pixel patches. Therefore, in our paper, we adopt a feature description generation method based on three-pixel patch comparison.
Proposed Feature Descriptor
Three-Patch Method
Compared with other matching algorithms, although BRIEF has the advantages of fast speed, it cannot solve the problem of noise sensitivity very well and does not have rotation invariance. ORB uses mean filtering to reduce noise sensitivity and calculates the principal direction of feature points to solve the problem of rotation invariance. Regardless of the fact that mean filtering can alleviate some problems, it will lead to information loss, especially in high-frequency areas where key points are often detected. To improve this shortcoming, a three-pixel patch groups comparison method is adopted in our paper. In each three-pixel patch group, the main patch is compared with the other two companion patches respectively to generate the binary description. By this way, visual information with more spatial support is considered for each bit of the descriptor, and therefore the descriptor is less sensitive to noise [45] .
The principle of the three-patch method is shown in Figure 1 . The BRIEF algorithm calculates the feature descriptor as a binary string. It is to select n pairs of pixel points (A i , B i )(i = 1, 2, . . . , n) in the neighborhood of each feature point. The magnitude of the gray value of each point pair is then compared. If the gray value of A i is higher than that of B i , the corresponding bit in the binary string is set to 1, otherwise it is set to 0. All point pairs are compared to produce a binary string of length n. Generally, n is 128, 256, or 512, and usually 256. In order to reduce the sensitivity to noise, the ORB algorithm improves the comparison of pixel pairs in the BRIEF algorithm to the comparison of pixel patches pairs. This method improves the anti-noise performance of the algorithm to some extent.
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Compared with other matching algorithms, although BRIEF has the advantages of fast speed, it cannot solve the problem of noise sensitivity very well and does not have rotation invariance. ORB uses mean filtering to reduce noise sensitivity and calculates the principal direction of feature points to solve the problem of rotation invariance. Regardless of the fact that mean filtering can alleviate some problems, it will lead to information loss, especially in high-frequency areas where key points are often detected. To improve this shortcoming, a three-pixel patch groups comparison method is adopted in our paper. In each three-pixel patch group, the main patch is compared with the other two companion patches respectively to generate the binary description. By this way, visual information with more spatial support is considered for each bit of the descriptor, and therefore the descriptor is less sensitive to noise [45] . The principle of the three-patch method is shown in Figure 1 . The BRIEF algorithm calculates the feature descriptor as a binary string. It is to select pairs of pixel points ( , )( = 1,2, … , ) in the neighborhood of each feature point. The magnitude of the gray value of each point pair is then compared. If the gray value of is higher than that of , the corresponding bit in the binary string is set to 1, otherwise it is set to 0. All point pairs are compared to produce a binary string of length . Generally, is 128, 256, or 512, and usually 256. In order to reduce the sensitivity to noise, the ORB algorithm improves the comparison of pixel pairs in the BRIEF algorithm to the comparison of pixel patches pairs. This method improves the anti-noise performance of the algorithm to some extent.
We refer to the method of [44] and improve the comparison of pixel patch pairs to three-pixel patch pairs based on the ORB algorithm. This method can obtain more image information and get more detailed descriptions of feature points. First, randomly select three-pixel patch groups in the neighborhood window of the feature point, which is different from the eight-pixel patches of three-patch LBP (TPLBP) in [44] . In order to briefly describe the principle of the algorithm, in Figure 1 , we only show two sets of three-pixel patch groups. In each group of three-pixel patches, one pixel patch is determined as the main pixel patch, and the other two pixel patches , are companion pixel patches. Then calculate the magnitude relationship between the gray value of the main pixel patch and the two companion pixel patches. Only when the gray value of the two companion pixel patches , is smaller than the main pixel patch , the corresponding position of the feature description vector is 1, otherwise it is 0.
The specific steps of the algorithm proposed in this paper are as follows. Specifically, define a feature point , and select a neighborhood window of × size centered the feature point . In the neighborhood window , T three-patch groups are selected according to the Gaussian distribution, with each group including three-pixel patches. The coordinates of the center point of each pixel patch are We refer to the method of [44] and improve the comparison of pixel patch pairs to three-pixel patch pairs based on the ORB algorithm. This method can obtain more image information and get more detailed descriptions of feature points. First, randomly select n three-pixel patch groups in the neighborhood window of the feature point, which is different from the eight-pixel patches of three-patch LBP (TPLBP) in [44] . In order to briefly describe the principle of the algorithm, in Figure 1 , we only show two sets of three-pixel patch groups. In each group of three-pixel patches, one pixel patch A i is determined as the main pixel patch, and the other two pixel patches B i , C i are companion pixel patches. Then calculate the magnitude relationship between the gray value of the main pixel patch and the two companion pixel patches. Only when the gray value of the two companion pixel patches B i , C i is smaller than the main pixel patch A i , the corresponding position of the feature description vector is 1, otherwise it is 0.
The specific steps of the algorithm proposed in this paper are as follows. Specifically, define a feature point P, and select a neighborhood window W of M × M size centered the feature point P. In the neighborhood window W, T three-patch groups are selected according to the Gaussian distribution, Sensors 2020, 20, 975 7 of 26 with each group including three-pixel patches. The coordinates of the center point of each pixel patch are
According to the three-patch method principle, for each three-patch group, three-pixel patches of k × k(k < M) size respectively centered on point coordinates (x t1 , y t1 ), (x t2 , y t2 ), (x t3 , y t3 ) defined in Equation (5) can be obtained as
where patch S t1 is defined as the main patch, and S t2 , S t3 are defined as the companion patches of S t1 . The value of the corresponding bit of the binary string is determined as
The number of three-patch groups can be 128, 256, or 512. The length of the binary string is correspondingly be 128, 256, or 512 bits. According to Equation (7), a binary string b W is formed by comparing all T three-patch groups in window W, defined as
Binary String Using Gray Difference Value Information
The binary string described in Section 3.1 is formed by comparing the gray values of pixel patches in each group. However, gray difference information is ignored, resulting in a partial loss of image information. If the gray values and gray difference value information of pixel patches in each group can be utilized together, the relationship of the neighborhood pixel points can be completely expressed, thereby improving the discriminating ability of the description. In this paper, we propose a feature description method combining gray magnitude relationship and gray difference value information. Equation (8) in Section 3.1 describes a binary coding method in which three patches in a group are compared by our specified way to generate a binary string. Equation (8) records the gray magnitude relationships between the pixel patches, but it does not calculate gray difference value information. As shown in Figure 2 , in order to make full use of the difference information between pixel patches, we first calculate the difference between the main pixel patch and the companion pixel patches in all three-pixel patch groups. Then calculate the average of all the differences as a threshold to perform binary quantization of all the differences. For each three-pixel patch group, only when the difference between the main pixel patch and the other two companion pixel patches are greater than the threshold, the corresponding bit of the binary encoding is set to 1, otherwise it is set to 0. After all the three-pixel patch groups are calculated, we can get a binary coded string as a feature description based on local gray difference information.
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The value of the corresponding bit of the binary string is determined as
The number of three-patch groups can be 128, 256, or 512. The length of the binary string is correspondingly be 128, 256, or 512 bits. According to Equation (7), a binary string is formed by comparing all three-patch groups in window , defined as
The binary string described in Section 3.1 is formed by comparing the gray values of pixel patches in each group. However, gray difference information is ignored, resulting in a partial loss of image information. If the gray values and gray difference value information of pixel patches in each group can be utilized together, the relationship of the neighborhood pixel points can be completely expressed, thereby improving the discriminating ability of the description. In this paper, we propose a feature description method combining gray magnitude relationship and gray difference value information. Equation (8) in Section 3.1 describes a binary coding method in which three patches in a group are compared by our specified way to generate a binary string. Equation (8) records the gray magnitude relationships between the pixel patches, but it does not calculate gray difference value information. As shown in Figure 2 , in order to make full use of the difference information between pixel patches, we first calculate the difference between the main pixel patch and the companion pixel patches in all three-pixel patch groups. Then calculate the average of all the differences as a threshold to perform binary quantization of all the differences. For each three-pixel patch group, only when the difference between the main pixel patch and the other two companion pixel patches are greater than the threshold, the corresponding bit of the binary encoding is set to 1, otherwise it is set to 0. After all the three-pixel patch groups are calculated, we can get a binary coded string as a feature description based on local gray difference information. Difference information between pixel patches of all three patch groups 40 Calculate the mean of all differences Binary encoding all differences with the mean as a threshold The detailed steps are as follows. Gray difference values Q can be defined as
For each three-patch group, two gray difference values can be recorded. 2 × T difference values can be generated for a feature point. Since floating-point gray difference values cannot be directly encoded as 0 or 1, the mean value of all the difference values is calculated as the threshold Q average as
In Equation (10), two gray difference values are generated. The average value of these two gray difference values is used to determine the value (for example 0 or 1) of the corresponding bit of the binary feature description as
According to Equation (11), the binary string bˆw based on gray difference values can be obtained as
The length of bˆw depends on the number of the selected three-patch groups defined as T in Equation (8) . In Section 3.1, T can be 128, 256, or 512. In this paper, T is set to 128.
Feature Description Fusion
Connecting b W generated in Section 3.1 and bˆw generated in Section 3.2, the new binary description of the feature point is obtained as
Feature fusion process proposed in this paper is shown in Figure 3 . We proposed a feature description method combining gray magnitude relationship and gray difference value information. The length of the new description is twice as long as that of the description generated by the ORB algorithm. In this paper, the length of the new description is set to 512 bits. Although the length of the new description is twice as long as that of the ORB, the distance between the binary strings can be calculated using the Hamming distance, which can be quickly implemented using an exclusive XOR operation. The detailed steps are as follows. Gray difference values can be defined as
For each three-patch group, two gray difference values can be recorded. 2 × difference values can be generated for a feature point. Since floating-point gray difference values cannot be directly encoded as 0 or 1, the mean value of all the difference values is calculated as the threshold as
According to Equation (11), the binary string ^ based on gray difference values can be obtained as
The length of ^ depends on the number of the selected three-patch groups defined as in Equation (8). In Section 3.1, can be 128, 256, or 512. In this paper, is set to 128.
Connecting generated in Section 3.1 and ^ generated in Section 3.2, the new binary description of the feature point is obtained as Feature fusion process proposed in this paper is shown in Figure 3 . We proposed a feature description method combining gray magnitude relationship and gray difference value information. 
Proposed Algorithm Process Overview
As shown in Figure 4 , we first complete the feature point extraction, define the neighborhood image window with the feature point as the center, and then randomly select the location of the three-pixel block in the neighborhood. Then complete binary coding based on pixel block size relationship and binary coding based on pixel block gray level difference information in the neighborhood, and finally combine the two binary codes through feature fusion to generate a new feature description as the definitive description of feature points.
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Algorithm for ORB-TPLGD
Input: Image data Output: Feature description vector for each feature point 1: Extract feature points set P = p 1 , p 2 , . . . , p i , . . . , p N from input image 2: for i = 1, 2, . . . , N do 3:
Define neighborhood W of M × M around feature point p i 4:
In W, T three-patch groups are selected using Gaussian function, coordinates of the center point is
else then bit = 0 9: end if 10:
end for (obtain a binary string b W ) 11:
Calculate the difference within all three pixel patches groups
Calculate the mean of all differences Q average 12:
for j = 1, 2, . . . , T do 13:
if Q average < Q t1 & Q average < Q t2 then bit = 1 14:
else then bit = 0 15: end if 16: end for (obtain a binary string bˆw) 17:
b W and bˆw are fused to get final Description keypoint 18: end for
Three-Patch Group Arrangements
Our method is proposed based on ORB algorithm. The ORB algorithm adopts the improved BRIEF algorithm in the feature description stage. In [28] , the authors tested five different sampling approaches to randomly select pixel points pairs as illustrated in Figure 5 . Generating a length N bits vector leaves many options for selecting N test locations (x i , y i ) in a neighborhood window of size S × S centered the feature point.
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Three-Patch Group Arrangements
Our method is proposed based on ORB algorithm. The ORB algorithm adopts the improved BRIEF algorithm in the feature description stage. In [28] , the authors tested five different sampling approaches to randomly select pixel points pairs as illustrated in Figure 5 . Generating a length bits vector leaves many options for selecting test locations ( , ) in a neighborhood window of size × centered the feature point. polar grid containing pixel point pairs [28] .
For each of these sampling approaches, [28] computes the recognition rate. The symmetrical and regular Figure 5e For each of these sampling approaches, [28] computes the recognition rate. The symmetrical and regular Figure 5e Figure 5b sampling method is employed in all further experiments in [28] .
Based on the above conclusions, we also adopt Figure 5b sampling method to select random three-patch groups in our paper. Even small detection windows give rise to a huge number of possible three-patch group arrangements. Considering that only a small number of arrangements are typically required, we must therefore consider which of the many possible three-patch group arrangements should be employed. We first set up a training set based on Middlebury stereo dataset. Middlebury is a stereo dataset, with each part published in five different works in the years 2001, 2003, 2005, 2006 , 2014, respectively in [46] [47] [48] [49] [50] . The image pairs of this database are indoor scenes taken controlled lighting conditions, and the density and precision of true disparities are high via using structured light measurement. The dataset is divided into 35 training sets, and the resolution of image pairs is selected the smallest size of the given configuration. We set up a training set of 20000 points pairs, separately drawn from corresponding images pairs in the Middlebury dataset.
We form 10000 three-patch groups arrangements. For each arrangement, T three-patch groups are defined by selecting the center pixel coordinates (x t1 , y t1 ) of the main patch S t1 and (x t2 , y t2 ), (x t3 , y t3 ) of the two companion patches S t2 and S t3 in each three-patch group. The selection of these pixel points coordinates obeys the Gaussian distribution equation: (X, Y) conforms to Gaussian 0, 1 25 S 2 , where is the size of the neighborhood window. In this paper, the size of neighborhood window is set to 48 × 48 referring to [45] , The pixel patch size is set to 7 × 7, and the choice reason is described in the Section 4.4. We then evaluate each of these 10k arrangements over all the 20000 points pairs in training set to find the best performed arrangement. We define the quality of an arrangement by summing the number of times it correctly yielded the same binary value for the two-pixel points in a point pair among the above training set of 20000 points pairs.
Experiments and Result
The experimental equipment is 64-bit Win10 platform (Intel Core i7-7700 CPU, primary frequency 3.60GHz, 16GB memory). The experiment is carried out with Microsoft visual studio 2017 combined with opencv3.4.0. The Oxford dataset and a series of SAR images dataset are selected as the test image datasets. Our improved ORB algorithm is compared with the state-of-the-art algorithms SIFT, SURF, BRIEF, BRISK, FREAK, LDB, and ORB.
According to the image matching process, the first step is to detect feature points. In the feature point detection process, SIFT, SURF, BRISK, and FREAK algorithms adopt their respective detection methods. BRIEF, LDB, ORB, and our improved ORB all adopt FAST corner detection method used in ORB algorithm. In the feature point matching process, SIFT and SURF algorithms use the Euclidean distance to match because of their feature vectors are floating-point data. The BRIEF, BRISK, FREAK, LDB, ORB, and our improved ORB use Hamming distance to compute similarity. Finally, RANSAC algorithm is used for all tested algorithms to eliminate mismatches. A keypoint pair is considered to be a correct match if the error of true match is within 3 pixels. Detailed configuration information is shown in the Table 2. 
Evaluation Metrics
After the matching is completed, we can obtain a matching feature points pairs set, which contains correctly matched point pairs and incorrectly matched point pairs. The matching precision rate refers to the number of correctly matched point pairs among all matched point pairs in the two images. According to the literature [51] , we first need to know the number of matching feature points in one-to-one correspondence in the two images. For the two matching images A and B, there may be a change in vision, or a rotation or scale change. Therefore, it is assumed that the homography matrix for the mapping from image A to image B is A H , and the homography matrix for image B to image A is B H . Suppose N 1 feature points are detected in image A and N 2 . feature points are detected in image B. According to the homography matrices A H and B H , the coordinates of the image A in the image B and the coordinates of the B image in the A image are obtained, the unqualified feature points are excluded, and the common feature points n 1 and n 2 in the two images are obtained. Take n = min(n 1 , n 2 ) as the common feature points of the two images. Then get the distance dist(H A * n A , n B ) according to the feature point n. If dist(H A * n A , n B ) is less than the given threshold ε, then these feature points are considered to be the common feature points of the two images, and there is a one-to-one correspondence relationship, thereby obtaining the number of feature point matches in the two images. This number is the number of point pairs that should be matched in the current two images.
We define the number of matches obtained by the image matching algorithm as Num all matches , and the number of actual matching between images is Num true matches . Through the one-to-one corresponding feature point coordinate true values obtained above, we can calculate the distance between the position of the matching point and the true value obtained by the image matching algorithm. When this distance is greater than a certain threshold, we consider this a wrong match. In this paper, we set this threshold to 3 pixels. After traversing all the matching point pairs, we can get all the correct matches, which is defined as Num correct matches .
In experiment, four evaluation criterions are used to measure the performance of the algorithms. The first criterion is precision [51] , based on the number of correct matches (Num correct matches ) with respect to the number of all matched points (Num all matches ). The equation is Precision = Num correct matches Num all matches
The second criterion is recall [51] , based on the number of correct matches (Num correct matches ) with respect to the number of corresponding points (Num true matches ) between input image pairs. It can be expressed as
Recall =
Num correct matches Num true matches (15) The third criterion is root-mean-square error (RMSE). Calculate the root mean square error based on the position of the detected matching point and the position of the real matching point. 
The fourth criterion is image matching time. In this paper, matching time is defined as the time spent from the beginning of feature point extraction to the end of feature point matching. Images reading and the subsequent calculation of performance indicators of algorithms are not included.
Oxford Dataset
Oxford dataset is a publicly measurable database provided in [51] . We select six image groups from the Oxford dataset as shown in Figure 6 Oxford dataset is a publicly measurable database provided in [51] . We select six image groups from the Oxford dataset as shown in Figure 6 . Each image group represents different image change relationships including viewpoint changes (Wall group, Graf group), image blur (tree group, bike group), illumination (Leuven group), JPG compression (Ubc group), rotation scale conversion (bark group, boat group).
Each group includes six images, the first image is the reference image, and the second to the sixth images are the images used to be matched. The first image can be matched with the other five images as an input image pair. Images in PPM format and corresponding homography matrix for each image pair are also provided by the Oxford dataset. Based on the homography matrix, the matching precision and recall can be calculated. For each image group, the first image and the remaining five images are matched separately. 
SAR Dataset
In this section, a series of SAR images, shown in Figure 7 , obtained by the unmanned airborne SAR platform, are used to test the performance of our improved ORB algorithm. These SAR images are X-wave band SAR images of Bedfordshire in the southeast of England, with 3-meter resolution. Taking a SAR image as the reference image, it can be rotated by a certain angle and scaled at a certain scale to obtain a transformed image. Subsequent matching uses this SAR image and its transformed image as a test image pairs. We can calculate the new coordinates of the transformed image points based on given angle and scale, and thus the ground-truths of the image pair can be determined. Each group includes six images, the first image is the reference image, and the second to the sixth images are the images used to be matched. The first image can be matched with the other five images as an input image pair. Images in PPM format and corresponding homography matrix for each image pair are also provided by the Oxford dataset. Based on the homography matrix, the matching precision and recall can be calculated. For each image group, the first image and the remaining five images are matched separately.
In this section, a series of SAR images, shown in Figure 7 , obtained by the unmanned airborne SAR platform, are used to test the performance of our improved ORB algorithm. These SAR images are X-wave band SAR images of Bedfordshire in the southeast of England, with 3-meter resolution. Taking a SAR image as the reference image, it can be rotated by a certain angle and scaled at a certain scale to obtain a transformed image. Subsequent matching uses this SAR image and its transformed image as a test image pairs. We can calculate the new coordinates of the transformed image points based on given angle and scale, and thus the ground-truths of the image pair can be determined. 
Descriptor Size and Patch Size Test
In the tests reported above, we used a descriptor of 64 bytes. Here, we revisit the tests on the Oxford dataset in order to evaluate the effect descriptor size has on its performance. We test varying descriptor sizes using 4, 8, 16, 32, 64, and 128 bytes for the representation.
One of the key components of our new descriptor is the use of pixel patches compared to sampling single pixels. Another parameter that affects the descriptor is the patch size in each three pixels patches group. We next evaluate the effect of pixel patches size on the performance of our new descriptor. Here, we use a 64-byte descriptor representation, testing it with a patch sizes ranging from 5 × 5 to 17 × 17. Table 3 summarizes descriptor sizes test results. When testing certain descriptor sizes and patch sizes, the output is abnormal when matching the last image of some image groups. Therefore, this test only uses the first five images in each Oxford image group for testing. The above data shows that, in general, the longer the descriptor length, the better the result. However, as the length of the descriptor increases, the effect that can be improved also becomes smaller. In terms of the patch size, in nearly all cases, the bigger the patches used, the higher the performance gain. In this paper, considering the promotion effect and efficiency, the descriptor size is set to 64 bytes, and the patch size is set to 7 × 7.
Experiment Result Based on Oxford Dataset
Matching Result Based on Oxford Dataset
After image matching completed, matching effect of our improved ORB algorithm is shown in Figure 8 , in which the correct matched points pairs are connected by the green line while red lines referring to the wrong matched points pairs. Meanwhile, the matching precision, recall, RMSE and operation time of each group of images are recorded. The symbol ORB-TPLGD represents the improved ORB algorithm we proposed in this paper. 
Matching Precision and Recall Based on Oxford Dataset
To examine the distinctiveness of binary descriptors we plot the Recall versus 1-precision curves. The threshold value of the distance ratio is varied to obtain the curve of the average recall versus average 1-precision. Figure 9 shows the recall versus 1-precision curves for image pairs 1/2 of all six image sequences. Results show that ORB-TPLGD proposed in this paper outperforms the original ORB descriptor for all six image sequences. The first image of each image group is the reference image, and the other five images are used to matched. The changes from the second image to the sixth image become larger. The matching precision of the latter image is generally less than the previous image.
To examine the distinctiveness of binary descriptors we plot the Recall versus 1-precision curves. The threshold value of the distance ratio is varied to obtain the curve of the average recall versus average 1-precision. Figure 9 shows the recall versus 1-precision curves for image pairs 1/2 of all six image sequences. Results show that ORB-TPLGD proposed in this paper outperforms the original ORB descriptor for all six image sequences. Sensors 2020, 20, x FOR PEER REVIEW 16 of 28 Table 4 records the average matching precision of these eight image matching algorithms based on six groups of Oxford dataset respectively. According to Table 4 , our algorithm can achieve better matching performance in matching precision, respectively with 12.746%, 5.135%, 4.350%, 7.062%, and 1.159% higher than SURF, BRIEF, FREAK, LDB, and ORB. Table 4 records the average matching precision of these eight image matching algorithms based on six groups of Oxford dataset respectively. According to Table 4 , our algorithm can achieve better matching performance in matching precision, respectively with 12.746%, 5.135%, 4.350%, 7.062%, and 1.159% higher than SURF, BRIEF, FREAK, LDB, and ORB. The average matching recall is counted in Table 5 . From Table 5 , as for those algorithms using binary feature, the recall of our improved ORB algorithm is higher than that of BRIEF and ORB by 0.998% and 1.078% and lower than that of BRISK, FREAK and LDB by 4.503%, 14.594%, and 2.628%. In this paper, the matching algorithms using binary feature description all adopt the same feature point detection method. Therefore, recalls in this experiment are more dependent on the feature description method and matching method. Figure 10 shows the average matching RMSE of these eight tested image matching algorithms based on six groups of Oxford dataset respectively. In most cases, our improved ORB algorithm can achieve a similar level of RMSE as the current related algorithms. The average matching RMSE is counted in Table 6 . Results show that the positioning accuracy of SIFT algorithm is the highest, and the positioning accuracy of algorithms based on binary feature description is generally lower than SIFT algorithm. Table 5 . From Table 5 , as for those algorithms using binary feature, the recall of our improved ORB algorithm is higher than that of BRIEF and ORB by 0.998% and 1.078% and lower than that of BRISK, FREAK and LDB by 4.503%, 14.594%, and 2.628%. In this paper, the matching algorithms using binary feature description all adopt the same feature point detection method. Therefore, recalls in this experiment are more dependent on the feature description method and matching method. Figure 10 shows the average matching RMSE of these eight tested image matching algorithms based on six groups of Oxford dataset respectively. In most cases, our improved ORB algorithm can achieve a similar level of RMSE as the current related algorithms. The average matching RMSE is counted in Table 6 . Results show that the positioning accuracy of SIFT algorithm is the highest, and the positioning accuracy of algorithms based on binary feature description is generally lower than SIFT algorithm. Table 7 calculates the average matching time of the eight algorithms tested. As shown in Table  6 and Figure 11 , in terms of operational efficiency, the time SIFT and SURF algorithm required is much longer than that of BRIEF, FREAK, LDB, ORB, and ORB-TPLGD algorithms. BRIEF is the most efficient followed by FREAK, ORB, and our improved ORB-TPLGD. Table 7 calculates the average matching time of the eight algorithms tested. As shown in Table 6 and Figure 11 , in terms of operational efficiency, the time SIFT and SURF algorithm required is much longer than that of BRIEF, FREAK, LDB, ORB, and ORB-TPLGD algorithms. BRIEF is the most efficient followed by FREAK, ORB, and our improved ORB-TPLGD. 
Matching RMSE Based on Oxford Dataset
Experiment Result Based on SAR Dataset
Matching Result Based on SAR Dataset
According to the changes of angle and scale, three kinds of image transformations are tested: 1. Scale, 2. Rotation, 3. Rotation scale conversion (scale and rotation exist simultaneously). In this experiment, the scale ratio is 0.9 and the rotation angle is 5.0 degrees.
A total of 100 SAR images are used for this experiment. This paper shows the matching effect of several randomly selected SAR images in Figure 12 . The point pairs connected by green lines are considered to be the correct matching point pairs, while the point pairs connected by red lines are considered to be the wrong matching point pairs. The difference in the number of matching points can be seen from the results shown in Figure 12 . The SIFT, SURF, and BRISK algorithms are capable of extracting a large number of feature points, and the number of the pairs of points considered to be matched is relatively large. The BRIEF, FREAK, LDB, ORB, and our improved ORB algorithms extract fewer feature points and have fewer pairs of points considered to be matched. The matching points extracted by SIFT and BRISK have fewer mismatches, so their matching precision is higher. Although SURF can extract a large number of matching points, there are many mismatches, which will reduce the matching precision. BRIEF, LDB, ORB, and our improved ORB algorithms use the same feature point extraction method, the number of feature points extracted is roughly the same.
of extracting a large number of feature points, and the number of the pairs of points considered to be matched is relatively large. The BRIEF, FREAK, LDB, ORB, and our improved ORB algorithms extract fewer feature points and have fewer pairs of points considered to be matched. The matching points extracted by SIFT and BRISK have fewer mismatches, so their matching precision is higher. Although SURF can extract a large number of matching points, there are many mismatches, which will reduce the matching precision. BRIEF, LDB, ORB, and our improved ORB algorithms use the same feature point extraction method, the number of feature points extracted is roughly the same. 
Matching Precision and Recall Based on SAR Dataset
In terms of matching precision, our improved algorithm has a relatively smaller number of wrong matching points than BRIEF, LDB, and ORB. The average of the matching precision and recall is recorded in Table 8 . According to the data in Table 8 , SIFT is the most stable and the highest. For most images, the other algorithms cannot transcend SIFT. Although SURF is also based on floating-point feature description like SIFT, its matching precision is almost the lowest. Our improved ORB algorithm increases the length of the feature description and combining the local gray difference information to enhance its discriminating ability. The average precision of SIFT, SURF, BRIEF, BRISK, FREAK, LDB, ORB, and our improved ORB respectively is 95.275%, 84.473%, 93.520%, 96.663%, 93.194%, 89.963%, 94.109%, and 95.704%. Our improved ORB algorithm is improved by 2.481%, 2.828%, 4.462%, and 1.720% respectively compared with BRIEF, FREAK, LDB, and ORB.
In terms of recall recalls of SIFT, SURF algorithms are relatively high. SIFT, SURF, BRISK, and FREAK algorithms adopt respective feature point extraction methods and feature point description methods. ORB, LDB, FREAK, BRISK, BRIEF, and our improved ORB algorithms adopt the same feature point extraction method, causing the recall to be more dependent on the feature point description method. According to the data in Table 8 , the average recall of SIFT, SURF, BRIEF, BRISK, FREAK, LDB, ORB, and our improved ORB respectively is 63.036%, 67.412%, 22.973%, 39.705%, 23.976%, 26.119%, 25.071%, and 27.119%. Our improved ORB algorithm is improved by 4.415%, 3.143%, 1.000%, and 2.048% respectively compared with BRIEF, FREAK, LDB, and ORB.
To examine the distinctiveness of binary descriptors we plot the recall versus 1-precision curves. We conduct experiments on 10 pairs of SAR images. The threshold value of distance ratio is varied to obtain the curve of the average recall versus average 1-precision. Figure 13 shows the recall versus 1-precision curves for SAR image pairs. Results show that ORB-TPLGD proposed in this paper outperforms the original ORB descriptor.
other algorithms cannot transcend SIFT. Although SURF is also based on floating-point feature description like SIFT, its matching precision is almost the lowest. Our improved ORB algorithm increases the length of the feature description and combining the local gray difference information to enhance its discriminating ability. The average precision of SIFT, SURF, BRIEF, BRISK, FREAK, LDB, ORB, and our improved ORB respectively is 95.275%, 84.473%, 93.520%, 96.663%, 93.194%, 89.963%, 94.109%, and 95.704%. Our improved ORB algorithm is improved by 2.481%, 2.828%, 4.462%, and 1.720% respectively compared with BRIEF, FREAK, LDB, and ORB.
To examine the distinctiveness of binary descriptors we plot the recall versus 1-precision curves. We conduct experiments on 10 pairs of SAR images. The threshold value of distance ratio is varied to obtain the curve of the average recall versus average 1-precision. Figure 13 shows the recall versus 1-precision curves for SAR image pairs. Results show that ORB-TPLGD proposed in this paper outperforms the original ORB descriptor. Figure 14 shows the RMSE value of each algorithm when testing the SAR dataset. Through RMSE in Table 9 , we can see that SIFT algorithm has the highest positioning accuracy. Algorithms based on binary descriptions generally have lower positioning accuracy than SIFT algorithm. The algorithm proposed in this paper can get the current level of binary feature algorithm and has a certain improvement over the ORB algorithm. Figure 15 shows the average time required of test algorithms when testing the SAR dataset. Table 10 calculates the average matching time of the tested algorithms. According to Figure 15 and Table 10 , the BRISK algorithm takes the longest time, followed by the SIFT algorithm. Other algorithms based on binary feature description take much less time than SIFT and SURF algorithms. This algorithm is slightly slower than the original ORB algorithm. Figure 14 shows the RMSE value of each algorithm when testing the SAR dataset. Through RMSE, we can see that SIFT algorithm has the highest positioning accuracy. Algorithms based on binary descriptions generally have lower positioning accuracy than SIFT algorithm. The algorithm proposed in this paper can get the current level of binary feature algorithm and has a certain improvement over the ORB algorithm. 
Matching Time Based on SAR Dataset
Statistical Analysis
In this section, we conduct statistical analysis to test whether the inputs create significant differences for the output. The independent variables include eight algorithms to be tested and the images to be tested. In the experimental part, we match the SAR images under three different transformations. The main performance metrics includes matching precision, recall rate, RMSE and matching time. We carried out two-way ANOVA, and we calculated the results of the above four metrics in the Table 11 . As shown in Table 11 , the 'Model' is the test of variance analysis model used. For the above four metrics used, F-ratio value of 'Model' is 43.243, 275.752, 200 .969, and 1265.541 respectively, and the corresponding P-values is less than 0.05. Therefore, the model used is statistically significant, and it can be used to judge whether the coefficient number in the model has statistical significance. The 'Method' and 'Group' in Table 11 represent the test method and image grouping respectively. For matching accuracy, recall, and RMSE, P-values of method and group are less than 0.05, which is statistically significant. It can be concluded that matching methods and input images have significant differences in matching precision, recall and RMSE. The analysis of variance of matching time shows that the P-value of 'Method' is less than 0.05, which shows that different methods have significant impact on matching time. The P-value of 'Group' is 0.092, which is greater than 0.05, indicating that different groups have no significant impact on the matching time.
Next step, we judge the difference between the two groups by pairwise test. Because the sample size of each group is equal, we use Tukey test method for multiple comparative analysis. The results of the multiple comparisons are as follows in Tables 12 and 13 . In the aspect of matching precision, respectively compared with the ORB-TPLGD algorithm in pairs, the P-values of other algorithms is less than 0.05 except that SIFT and BRISK algorithm is 0.222 and 0.999. It shows that the ORB-TPLGD algorithm has significant difference with other algorithms except SIFT and BRISK algorithm. In matching recall, respectively compared with ORB-TPLGD algorithm in pairs, the P-values of other algorithms is less than 0.05, which shows that ORB-TPLGD algorithm has significant difference with all other algorithms.
In terms of RMSE, respectively compared with the ORB-TPLGD algorithm in pairs, the P-values of other algorithms is less than 0.05 except that SIFT and BRIEF algorithm is 0.834 and 1.000. It shows that the ORB-TPLGD algorithm has significant difference with other algorithms except SIFT and BRIEF algorithm.
In matching time, respectively compared with the ORB-TPLGD algorithm in pairs, the P-values of other algorithms are less than 0.05 except that BRIEF, FREAK, and ORB are 0.965, 0.768, and 0.806, respectively. It shows that the ORB-TPLGD algorithm has significant differences with other algorithms except for BRIEF, FREAK, and ORB algorithms.
Discussion
Although the SIFT algorithm has the greatest stable and excellent matching effect, its calculation time is also the longest. SIFT and SURF algorithm have relatively high computational complexity, so the time they required is much longer than that of BRIEF, FREAK, LDB, ORB, and our improved ORB algorithms. This is mainly because SIFT algorithm constructs the scale pyramid on the feature point extraction stage. Moreover, SIFT algorithm extracts more feature points while a 128-dimensional floating-point description vector must be calculated for each feature point. The computational complexity is high. BRIEF is the most efficient followed by FREAK, ORB, and our improved ORB algorithm because that BRIEF is only required to perform the Hamming distance calculation between binary strings through simple exclusive or operation. However, BRIEF cannot suppress noise and has no rotation invariance. If the rotation exceeds a certain angle, the matching precision will decrease rapidly. Based on BRIEF, ORB reduce noise by filtering image and adds the main direction of feature points by calculating image moments. As a result, the operation time of ORB is slightly higher than BRIEF. The ORB-TPLGD algorithm proposed in this paper is based on the original ORB algorithm.
A binary string coding process is carried out based on the three-patch groups comparison combining local gray difference. Although matching precision is improved, the running speed is reduced. Therefore, the computation speed of our improved ORB algorithm is a little smaller than that of BRIEF, FREAK, LDB, and ORB, while significantly higher than that of SIFT, SURF, and BRISK. BRISK is the slowest one among all tested binary feature description based matching algorithms even slower than SIFT and SURF. Through our experiments, we can find that the BRISK algorithm can extract a higher number of feature points than the SIFT algorithm, so it takes a lot of time. LDB is the second slowest because of its comparisons of mean intensity, horizontal gradient and vertical gradient in grids of with 2×2, 3×3, or 4×4 size. In general, the traditional feature description algorithm based on manual annotation, especially the algorithm based on binary feature description, has certain advantages in terms of calculation speed and calculation cost, which can be easily ported to portable devices.
Conclusions
In this paper, an improved ORB algorithm ORB using three-patch and local gray difference (ORB-TPLGD) is proposed. Based on the original ORB algorithm, this paper focuses on the feature point description process and improves the related methods. We mainly make two contributions: (i) a three-pixel patch groups comparison method is adopted to generate binary string instead of the pixel patch pairs comparison method used in original ORB algorithm. In each patches group, the gray value of the main patch is compared with that of the other two companion patches to determine the value of the corresponding bit of the final binary description. By this method, visual information with more spatial support is combined to generate feature description, which further reduces the sensitivity of feature description to noise. (ii) In our improved ORB algorithm, local gray difference information ignored by the original ORB algorithm is utilized to produce another binary string by a specific threshold. The final feature description of the feature point can be constructed by connecting above two binary strings to enhance its discrimination ability. In experiment section, our improved ORB algorithm is tested on Oxford dataset and SAR images dataset. Compared with SURF, BRIEF, FREAK, LDB, and ORB, our algorithm can achieve better matching performance in matching precision. In summary, our proposed ORB algorithm can achieve the state of-the-art performance.
